Introduction
Femoroacetabular impingement (FAI), a common cause of hip pain, is a condition characterized by abnormal peri-articular morphology that results in pathological abutment between the head-neck junction of the femur and the acetabular rim ( [1, 2] ). FAI has been shown to cause labral (edge, rim) and chondral (of or relating to cartilage) lesions and is a strong Henn et al.
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socket), and acetabular retroversion (the mouth of the acetabulum inclines posterolaterally). Exclusion criteria included osteoarthritis as evidenced by Tönnis grade > 1 ( [15] ), previous hip surgery, or diagnosis of other abnormalities to which the patient's hip pain could be attributed. All patients were examined by Dr. Morgan, who specializes in hip arthroscopy, and evaluated with standardized radiographs per published protocol ([35] ).
There were nineteen female and seven male patients. There were twenty female hips and eight male hips. The mean age for all patients was 29.0 (range 12-53). The mean age for females was 28.9 (range 12-46). The mean age for males was 29.1 (range . All hips had a Tönnis grade of 0 or 1, indicating at most mild signs of osteoarthritis.
Imaging
A 3T clinical imaging protocol (Trio; Siemens Medical Solutions, Erlangen, Germany) was used. The protocol required approximately 45 minutes to complete, with the T2* data obtained during the final seven minutes to control for time dependence of T2* values after unloading ([34] ). T2* maps were generated using software provided by the scanner vendor (Mapit; Siemens Medical Solutions).
Region of interest (ROI) analyses were performed by Dr. Ziegler, a second-year orthopedic resident, who was blinded to the patients' clinical information. Acetabular orientation was standardized on sagittal images by using a line passing through the center of the femoral head, perpendicular to the transverse acetabular ligament, defining the 12-o'clock position ( Figure 1 ). Case regions of interest were defined in the anterosuperior acetabulum because this area has the highest reported incidence of damage in patients with FAI ([3, 16, 36] ). Using the image processing application OsiriX ([37]), acetabular cartilage in this region was divided into five ROIs between the 12-o'clock position and the chondrolabral junction ( Figure 1 ). This was done for three consecutive sagittal sections, yielding a total of fifteen case ROIs. Four control ROIs were defined in the posteromedial acetabulum, where articular cartilage damage is infrequent in FAI. Note that this landmark-based extraction resulted in ROIs comparable between the patients even though the volume (and number of voxels) varied from patient to patient.
[ Figure 1 about here.]
Arthroscopy
To evaluate the utility of T2* for assessing cartilage damage, we needed a reference assessment. For our study, the reference assessment was obtained through arthroscopic surgery. All arthroscopic examinations were performed by Dr. Morgan, who was blinded to the T2* data. Dr. Morgan was presented with a patient-specific, flattened anatomical map of the acetabulum (an example of which is shown in Figure 2 ), on which simple, obvious bony landmarks could be co-located during surgery. Once located, individual ROIs were measured relative to a flexible probe measuring 2 mm in diameter, which served as a ruler. Dr. Morgan recorded his surgical findings on the patient-specific acetabular projection. A modified Beck scale (described in Table 1 , [3] ) was used to characterize the degree of articular cartilage damage. Both case and control ROIs were assessed (532 ROIs in all, 19 per hip).
[ Figure 2 about here.]
[ Table 1 about here.]
The data are summarized in Table 2 . Note that the T2* values for a given ROI were aggregated by taking the sample mean over all voxels in the ROI, and so the sample quantities given in the table are for samples of sample means. Box plots of T2* by Beck score are shown in Figure 3 .
[ Table 2 about 
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Development and Validation of the Predictive Models
We assume that Beck scores are ordinal multinomial outcomes that satisfy the proportional odds assumption ([38] ). Specifically, we suppose that
where Y ij is the Beck score for the jth ROI in the ith hip, k is the Beck category, α k is the intercept (or threshold) for category k, non-decreasing from its predecesor, x ij is a vector of predictors associated with ROI ij, and β are regression coefficients. Equivalently,
Having no subscript on β implies that the predictors have the same effects for all categories. This assumption and the use of the logit link function together characterize the proportional odds model, the most common of the so-called cumulative link models for ordinal outcomes. We also assume that Beck scores are dependent within a patient. To reflect the physical conditions at each ROI, we formulate an explicit model for the similarity among spatially proximate observations. Our spatial model incorporates a Dirichlet process prior distribution to describe similarities in the spatial dependence parameters from hip to hip. This results in shrinkage of the estimated parameter values toward common cluster means, which represents a data-driven approach to selecting a spatial model that is neither too restrictive nor too flexible. We also consider, for the sake of comparison, a model that accommodates within-patient dependence in a crude, non-spatial fashion.
Spatial Modeling of Beck Scores
We might well expect spatially proximate Beck scores to be similar, and spatially distant scores to be (at least nearly) independent. In other words, we might expect the scores to exhibit positive spatial dependence, which we can accommodate by applying a spatial model. More specifically, since each Beck score was assigned to all voxels in the corresponding ROI, we elected to apply an areal model, i.e., a model for spatially aggregated data. In areal modeling, the spatial proximity among observations is expressed by way of the adjacency structure among the areal units, in this case the ROIs, from which the observations were obtained. The adjacency structure is used to define the spatial dependence model for the outcomes. In this analysis, we count as adjacent to an ROI those ROIs immediately anterior and posterior to the ROI as well as those ROIs in the same position in adjacent sagittal sections, for a total of four neighbors for observations in the interior of the measurement region. A trace on Figure 1 of a neighborhood so defined would take the shape of a plus sign.
Our areal model is an extension of the copCAR model, which was developed by Hughes ([39] ). The copCAR model
which has copula density
where the σ 2 i are the diagonal elements of
denotes the quantile function for a normal random variable with mean zero and variance σ 2 i , and z i = Φ −1 {F i (y i | β)} with F i being the cdf for the ith outcome. Note that the CAR variances are identifiable since they are entirely determined by ρ and the adjacency structure. The variances can be approximated efficiently as described by Hughes ([39]), and retaining them (as opposed to inverting Q and converting it to a correlation matrix) permits faster computation for larger datasets.
The spatial association among the observations is thus described using the precision matrix Q, which incorporates the adjacency structure among the areal units. The marginal distributions of the observations can be described flexibly through the distribution functions F i , and they are "linked" to the CAR copula using the probability integral transform.
Bayesian Composite Likelihood
Inference for copCAR When the marginal distributions are discrete, the joint distribution function of the copula, such as shown in (3), is uniquely defined only on the support of the marginals, and the dependence between a pair of random variables depends on the marginal distributions as well as on the copula. This was described by Genest and Nešlehová ([41]), who explained the implications and warned that, for discrete data, "modeling and interpreting dependence through copulas is subject to caution." However, Genest and Nešlehová ([41]) went on to say that one can still interpret copula parameters as dependence parameters and that estimation of copula parameters is often possible using fully parametric likelihood-based methods.
When the outcomes are discrete, the likelihood is
Computing (5) is generally infeasible because the number of summands grows exponentially. Moreover, the multivariate normal distribution function can be numerically unstable in high dimensions. These challenges necessitate approximation. We use a composite likelihood in place of the true likelihood.
In his seminal paper, Lindsay ([42]) described a composite likelihood as a "likelihood type object formed by adding together individual component log likelihoods. 
where k = j 1 + j 2 and C ij denotes the bivariate Gaussian copula with correlation matrix
with R being the correlation matrix for the corresponding n-copula. This implies the log composite likelihood
For the CL approach to be valid in a Bayesian setting, the resulting posterior distribution must be integrable. Since we use proper prior distributions, it is sufficient, following the argument set forth by Ribatet et al. ([44] ), that for each term in the composite likelihood there exists a finite b e such that sup θ f (y ∈ A e | θ) ≤ b e . Then
where p(θ) denotes a prior distribution. Inspection of (6) reveals that b e = 1 is a suitable bound. The posterior distribution is thus well defined and can be used in the Bayesian analyses described below. Ribatet et al. ([44] ) also addressed the question of convergence when a composite likelihood is used in MCMC for Bayesian inference. The pairwise composite likelihood is mis-specified since it assumes that any two pairs of observations are independent. To make this assumption is to consider the data to be more informative than they actually are, and optimistic inference is the likely result. To mitigate this possibility, we apply a curvature correction. The correction, described by Chandler and Bate ([45]), approximates the quadratic component of the exact log-likelihood by evaluating the mis-specified objective function at a proxy value for the parameter vector:
being a matrix to be described shortly andθ CL being the estimate resulting from optimization of CL .
The matrix B ensures the expected Hessian of the modified parameter vector equals the Godambe information of the original vector. That is to say,
In the preceding, H(θ 0 ) is the Hessian of the original parameter vector for CL (θ 0 | y) and J (θ 0 ) is the variance of the score function for the original parameter vector. The technique thus effectively modifies the information of the original parameter vector to yield the robust variance estimate needed in the presence of mis-specification.
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from a given realization inevitably results in repeated values. For us, this allowed multiple hips to have the same value of the spatial dependence parameter ρ. The number of categories with non-zero proportions can change from realization to realization. Each category can be a parameter value. Alternately, each category can be an identifier for a member in a family of distributions, with the implication that each realization of the Dirichlet process describes a mixture of these distributions.
The Dirichlet process is specified by two attributes: a base distribution and a concentration parameter. As Neal ([51]) writes, the Dirichlet process prior distribution can be specified as
for distribution F (θ i ), base distribution G 0 , and concentration parameter a. The base distribution represents the prior expectation of the realization G. The concentration parameter describes how closely the mass of a given realization concentrates around this expectation. For a measurable set A, as a → ∞, G(A) → G 0 (A) ([52]). The smaller the concentration parameter, the fewer clusters there are likely to be ([53]).
Since we performed our MCMC analysis using the transformation ν ρi = Φ −1 (ρ i ), our choice of base distribution was unimportant; we used the N (0.85, 0.0225) distribution as the base distribution. The concentration parameter's prior distribution was a Gamma(4, 1), which applies most of the mass in the range (0, 10). Preliminary studies in which we fixed the concentration parameter to single-digit integer values showed, through the acceptance rates, that the data favor low values of a. See Neal ([51]) and Escobar and West ([50]) for details on the Markov chain sampling methods for the Dirichlet process. With independent prior distributions, the Markov chains for certain association parameters struggled to propose acceptable candidate values. With the Dirichlet Process prior distribution, all estimated parameters showed excellent acceptance rates.
A Non-Spatial Model for Beck Scores
As described in Iisakka ([48]), our non-spatial approach to modeling the intra-patient dependence of Beck scores used a random intercept. That is, we assumed the outcomes for a given hip to be independent conditional on a shared random effect:
where the W i follow a spherical Gaussian distribution located at 0. In addition to T2*, we included age, weight, and sex as predictors, as well as quadratic and cubic terms for the continuous predictors and two-way interactions among all predictors. Both weight and T2* were centered at their mean values. Corresponding quadratic and cubic terms were calculated from these centered values. We fit each candidate model using the function clmm() of the R ([54]) package ordinal ([55]). Since the random intercepts imply an analytically intractable likelihood (the likelihood contains an integral over R 28 ), the likelihood must be approximated. Function clmm() approximates the integral using the Laplace approximation ([56]) or adaptive Gaussian-Hermite quadrature ([57] ). The number of quadrature points can be specified using the argument nAGQ. We found that ten quadrature points yielded sufficiently accurate maximum likelihood estimates. Two other arguments of interest are link and threshold. We initially chose the logit link function and flexible thresholds (i.e., the only constraint on the thresholds was that they be strictly increasing). The most parsimonious model among the random intercept models considered was determined by backward elimination.
Statistics in Medicine

Results
The coefficient and threshold estimates for both models are given in Table 3 . The random intercept model is quadratic in both centered T2* and centered weight, has a significant effect for sex, and has a different effect of centered T2* for males and females. The inclusion of weight is justified because body mass index is known to be an independent risk factor for FAI ([58, 59] ). More specifically, a decrease (increase) in T2* (weight) is associated with larger Beck scores, and males have larger Beck scores than females, on average. Males are considerably more likely to have cam-type FAI ([60]), which is more damaging, and young, active males with FAI tend to have more severe damage ([61, 62]). The random effects are necessary, for the independence model lacks fit (LRT; p value < 0.001). The estimated standard deviation of the random effects was 1.640, a significant fraction of the effective range for parameter estimates on the logit scale. This implies very strong within-hip dependence. We found no evidence against the proportional odds assumption, nor did we find that a different link function or structure for the thresholds (symmetric or equidistant) would be more appropriate.
[ Table 3 about here.] Figure 4 shows the estimated cumulative logits (as functions of centered T2* but without estimates of random effects) for females and males, with patient weights fixed at the sex-specific sample means (151.68 lbs and 180.75 lbs, respectively). These plots reveal the dramatic effect of sex.
[ Figure 4 about here.] For the areal model, we constructed the α 2 to α 5 values from α 1 and ∆ k results at each iteration of the MCMC analysis, taking the means of the resulting vectors of values. In addition to the CL, we attempted analysis of the areal model using the continuous extension (CE) proposed by Denuit and Lambert ([63]) as well as the distributional transform (DT) described by Rüschendorf ([64]). In both cases parameter estimates were poor. In the CL fit, only centered T2* and the square of centered weight have intervals that exclude zero, making this spatial model more parsimonious than the random intercept model. The magnitudes of the effect estimates are smaller than for the random intercept model, most pronounced for centered T2*. Neighborhoods defined for this model group observations in the 3 × 5 case zone and in the 2 × 2 control zone. No neighbor relations bridge these two zones. This neighborhood structure adjusts the model similarly to an indicator of case or control observation. Indeed, when we added such an indicator variable to the random intercept model, the resulting parameter estimates hewed very closely to those of the areal model, as shown in Table 4 . This finding, and the areal model's relative parsimony, demonstrate the merit of adjusting for the spatial relationship among observations.
[ Table 4 about here.]
The posterior mean for a is approximately 1, indicating that the data strongly favor realizations featuring few distinct values of ρ i . Similarly, the mean of the number of unique ρ i values in each iteration was approximately 1.5. All estimated ρ i values were at least as large as 0.965. A review of Beck scores on a hip-by-hip basis showed very strong association among scores within a given hip. In some cases, all measurement locations showed the same Beck score. Large ρ i are clearly appropriate for these data.
During a followup study we collected data for an additional 27 hips. We then applied both predictive models to the new data, and found that both models performed well. The results are shown in Table 5 .
[ 
Application to Patient T2* Data
In this section we will present and interpret two maps of predicted Beck scores for one patient from the study.
Statistics in Medicine
Henn et al. Figure 5 shows the patient's predicted Beck map using the fits of the random intercept model and the spatial association model. We chose this color scheme for two reasons: (1) it is colorblind-friendly, and (2) the colors for adjacent Beck values are sufficiently different that one can easily distinguish the values, whereas a gradient would make it difficult to do so. We see from the map that this patient's cartilage damage is significant in several regions, with large bands of red and blue present. There are, however, two large regions of relatively healthy tissue, colored in black and white.
Both models use centered predictors. Because the centered T2* effect is larger in absolute terms in the random intercept model than in the spatial model, a given departure from the average T2* value will tend to yield more extreme predictions in the random intercept model than in the spatial model. Thus, the spatial model predicts somewhat less damage (more moderate Beck scores) than the random intercept model in regions of negative centered T2* values. Where the centered T2* values are postive, the spatial model predicts somewhat greater damage (closer to 3 or 4) than the random intercept model. Both models broadly indicate the same regions as damaged, however, providing confirmation of the suitability of both models.
[ Figure 5 about here.]
Discussion
Clinical MR imaging has significant limitations for providing the orthopedic surgeon with the most relevant information on cartilage integrity. The limitations are threefold. First is the inadequate visualization of a thin, approximately spherical 3D structure by an imaging format comprising consecutive two-dimensional slices. Even when data are acquired with three-dimensional sampling, the resulting images occupy a 3D Cartesian grid composed of imaging planes. The obliquity of planes for viewing can be variable, but the visualization of the cartilage is possible only when such planes intersect with the approximately spherical shape. Second, the grayscale intensities in clinical images do not provide information for quantitative cartilage assessment. Finally, such clinical images do not predict probability of disease for therapy stratification.
In this work we developed a predictive model incorporating the spatial relationship between observations and compared that model to a simple, non-spatial model. In the absence of a predictor for case or control zone, the only variables in the random intercept model that change over the 19 within-hip observations are centered T2* and its square. All other variables in the random intercept model are constant over a given hip. The results shown in Table 3 represent the best fit that can be made with only functions of T2* to capture the variation in Beck scores across a given hip. This fit overstates the effect of centered T2* and, by extension, the effect of its square.
In this particular analysis, we were able to adjust the random intercept model for case or control. Ordinarily, this information is unavailable. On the other hand, the neighborhood structure of the spatial model incorporates a de facto adjustment for case/control zone, or more generally, the similarity of observations to their neighbors. With a proper adjustment for this spatial dependence, we can better estimate the effect of centered T2* despite the fact that our sample does not capture the full continuum of change in T2*. Thus, the spatial model estimates parameters of the model better than a predictive model that does not incorporate a spatial element in that the spatial model more closely reflects the true effect size of centered T2*.
Given a patient's sex, weight, and T2* data, our model can be used to produce predictive maps of the acetabular cartilage. The maps provide a non-invasive means of assessing the pattern, degree, and extent of articular cartilage damage, which can help clinicians to decide among non-operative management, joint preservation surgery, or joint replacement in FAI.
The Dirichlet process proved a suitable prior distribution for inference on the association parameters in this data set. Few continuous distributions can be parameterized intuitively such that the majority of the mass is clustered just to the left of 1. Some hips had log-likelihood values that dropped off steeply as the association parameter value decreased, whereas Henn et al.
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for others the decline was nearly flat. The implication of this shape difference is that it would be difficult to find a single proposal distribution that would yield good MCMC acceptance rates for all hips.
One potential way to address this difficulty would be to define different proposal distributions for different groups of hips. But the small data set provides little information to suggest natural clustering. The Dirichlet process, by contrast, allows clustering to be informed by the data. Moreover, the mechanism by which values are sampled from realizations of the Dirichlet process facilitates good MCMC acceptance rates across all hips despite such a difference, providing more flexibility in choice of base distribution.
We also can develop analogous models for dichotomized outcomes, i.e., diseased or not. Such models necessarily discard information, namely, the degree of articular cartilage damage. For that reason, we recommend the full models presented here.
Two patients have data from both hips represented in this data set. One might consider that these two pairs of hips should receive the same adjustment for each member of the pair-the same random intercept or the same spatial association parameter, as the case may be. Incorporating this assumption had a negligible effect on the results.
Our model has the potential to inform surgeons of the extent of cartilage damage without resorting to invasive surgery. An important next step in the evaluation of this model's classification ability would be to apply it to T2* data acquired from both damaged and undamaged hips. For cases in which surgery is performed, the assessment of the need of the procedure post-surgery by a surgeon blinded to the model's prediction would shed light on how well the model might help to avoid unnecessary procedures. The work presented here represents a first, promising step for a viable new approach to FAI evaluation.
Henn et al. Figure 4 . Estimated cumulative logits for females and males, as functions of centered T2* and with patient weights fixed at the sex-specific means. Points on the plots correspond to γ k values from (1) for a given value of centered T2*. For example, for females at the mean T2* value (centered T2* = 0), γ1 through γ5 values are 0.387, 0.878, 0.984, 0.999, and 1.000 respectively. 
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